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What's Ahead?

» QOperational definition of learning
— Types d learn ng
e« Some general issues:
— Rrobahligc ifaence a afranework
— Overfitting
— Ensenbd e nodd s
o Specific examples:
— Unsupervdlean ng
— Supervised Learn ng
» References for starting points to learn more
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What Is Learning?

* Learning = improving with experience at some task
— inprove d thetask T
— acadngtosore neasue d pafa nance P
— based on expere nce E
— Exanple 1-py i ng checkas
 Tp layi ng checkers
* P %ganes won
« E past ganes (may be aga g df)
— Exanple2-peddion
e T. farecasi ng unknown ou conmes
e P peddiona o
« Eh idaicd record
— Exanpl e 3—undergand ng
 T. nake sense d sone deta
P howwdl thenmodd desaibesthe daa
« Eh idaicd daa
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Types of Machine Learning AM,

* Reinforcement Learning

— Maxi mmze sone fuuwed scoutedreward s gnd inan
unkn own and na sy enm ronnent

e Supervised learning
— Givenlabee d daapedd labd o previoudy unseen dea
e Unsupervised learning

— Glven sone un abd ed datatryto m&e sense d itathe
by assgnnglabds a by buldngaprobalalidicmodd
whi ch nay have generdedthe nodel

O nmend onreducti on
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Supervised Learning Formulation

e Standard formulation of problem
— Gvenaddaset D ={x,y }tondgingd exanpe
input/ouput pairstrytolearnthe mpdng  x [ [ vy
— Inpu spece can be
o dsced corti nuous’ nxed
e 1a noredi nend ond
— Qut put space can bescda a veaa and
« Continuous. regess on
— egtinesaiespeddiond tock [ ce
« s ade ds sficaion
— egisgock astrang buy, buy, hdd or sdl ?
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Unsupervised Learning Formulation

e Standard formulation of problem
— Gvenadadaset D ={x}oonsiging d sangd e vd vestryto
bulda nodd tha wou dlikdy generaetheobsav ed daa
— Most comnon'y E)Efeﬂ)unsuper\j sedlearnng echnqua s
d st eing
— Inpu spece can be
o dsadéd corti nuous’ nnxed
e 1o noredi nens ond

— 0 course supervisedlearn ng can be undersood as apatc U a
nsaxe d unsupervisedlearning (and v ce varsg
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Probabilistic Inference

 Most modern approaches to learning can be understood within
a framework of probabilistic inference

— The naud generdizaion o Arigadianb gc whchreducesto
|og ¢ when hypah ess aetiue a fdse

e 2 simple rules:

— Sumrde p(A[1)+ p(=A]l) =1

— Rodudt Rle p(AB[I)=p(AlB 1)pB|I)=p(B[AT)p(All)
« Bayes theorem (which is just the product rule) governs how
hypotheses are modified with data
— Robahlity d hypah ess gv en dadapoportiond tolikdihood x

Nop d|h)p(h
pr Sy = @I ()
p(d)

Pick the most likely hypothesis: h" =argmax, p(h|d)
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Probabilistic Inference(2) / Ames Ressarsh Conter

* The probabilistic models may be either
— Paran®tric shape d poballity denaty speafed apiai
by sone paanges
e eg linear regress on where we paareteri zeinte ns
of dope inecea and na selevd
— Non-paramdric uise hdograns o sarpled rom
proballity dengty
e eg patidefiltas

e Some machine learning approaches which appear not
to have anything to do with probability theory are best
understood as particular limits of probabilistic case

— eg [inapal conponernts andyss
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Probability + Graphs = Efficiency Ah“

Important to understand probabilistic independencies between
random variables

— E g two vaiables mght appear to be careated wth each ather
and appear asp(a ), bu nhgnt ad udly beindependert gv en a
comnon underlying hdden (or laert variade), p(all) =
p(al) ()

— Can wsesuch saenerts d i dependencetoifa causd
rd ai onsh ps

Observations like this can great speed up calculations
iInvolving probabllities

Bayesian networks are models of probability densities with
conditional dependencies annotated as a directed graph for
efficient processing
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Over-Fitting

» For both supervised and unsupervised learning an important
Issue to be aware of is over-fitting

— G ven 10 daapa rtsfittingan nh degee pd ynomd wll d nost
neve esut ingood pred dions fa unseen pa s

e Can be understood in terms of a bias/variance tradeoff:

— B as neasuesthe qudity o the natch baweenthe nodd and
the underl yingtruh

— Variance neasuesthe speafiaty d the mdch
E, {o(x D) - F(}*H= B, {9(x D) ~F ()} E +E; (% D) - Ex[9(x D)} °F

 Many parameter models can drive down the bias but will
usually increase the variance

* Prior beliefs on parameters or the number of parameters can
be used to alleviate this problem
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Cross Validation

 To ameliorate overfitting a common technigue is
called cross validation

* In cross validation you only use a sample of the full
data set to build the model and you hold out the rest
to test the error of your model on the held out set

« Common used to set the best parameters of
learning algorithms
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Ensemble Modeling AM,

» If we have a number of models each making predictions how
might we combine them to form a single best guess and how
good can this guess be?

— For regess onmg ht takethe average guess thsis good becauseit
drives downh e vaiace wi eleav ngthe has unaffeded andthus
esutsinlower ara rae

— For dassficd on we cantake avaefa eechdassand gowththe
WN ner

e Other more sophisticated techniques also empirically appear to
work quite well and there are the beginnings of theoretical
understanding;

— E g booging buldnew noddsinreg onswheredd nodds ae

perfa nng poorl y
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Some Example Methods:
Unsupervised
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Methods of Unsupervised Learning
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Principal Component Analysis (PCA)
— Assunethe dsa have card dions

and esi natetheparwse carddion
metriX romthedaa

d d
=%, C=% (x=H) (%~ H)
O agond i zethe'covari ance nar xto
finddredions( .¢ inear
conbi naions d the vari ad es)
accourtingfa nost d the vai aion

By dsegard ngthe dredions ecrcss
wh chthereidl |evaiaion we can
reducethe d mans ondity o the
prodem

Resuti ng vari bl es wil be
uncorrd aed
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Methods of Unsupervised Learning

>
Ames Research Center

e Clustering or
segmentation
— Peofd e can dothejob easly

(& leet in2dnend ons) —
bu how??

— Sane concepsinh ghe
d mexs ons
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Methods of Unsupervised Learning

« K-means Clustering

— Assunesthaeaek duseas
and finds d uster certers such
that mad numor average
d saxcetothecentrad o -
eachd e ismn nz ed Origina data
(ned odif datais b nary)
— D gance can be neasured by a
vaidy d neans eg
Eudi dean cord aion
coeffiaert, Manhatan
d gaxe dc

5 clusters (maximum
16 I February 2002 distance)
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Methods of Unsupervised Learning

e Gaussian mixture modeling
— Assunes daagenaded by amxtued Gussandigribu orn

— FPhUsA Resttreler $bynaxi Mgt HelK d Gt 6t he dbsev ed

da a

d
— M hBerdi foCaduté hov) hebbiedt1Zzyl e § o - hay be
ass gned 80%to d uiser 1and 20%tod uste 2
— Li kdihood can be opti nnzedncdy wthaprocedue cdled EMa
Expectdion Maxi nnzetion
* Powerfu technique wth numerous apdicaions
e Convergestod ocd nmaxi num of thelikdihood f uncti on
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o Other topics

— I ndependernt conponernt and ya3 s separding conve sai ons
a aoocktal paty

— Topog aphc  naps ( Kohonen maps): find ngt wo
d nensond eresertdions o hgher d mexsond daafa
v qudi zati on

— Sparse bases: find ng anoverconp e bassfa the daaso

tha any ddumcan accurady berepeserted w hony a
fewbass vedas

— Latent vaiadd e nodd s post afewlaent variades
accourtingfor the daaand i fe thesenidden varia®e s
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Some Example Methods:
Supervised
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e Bayesian methods for inferring parameters in
parametric models

— Qutlined exlie, 9 npl est exanpl eislinear regess on
The squared ara isadu dl ythe negati vel ogli ke 1 hood
under a Gausd an approxi niontohearas

— dllions o exanp es depend ng d thefa mad the nodd
and t he dependena es baween vari abl es

e nore soph sticaed bu comnon exanpl € h dden
Marko v nodd s usedinti ne sae s

« Applestobah ds sfc alonandegesson
« Bayesian networks are a huge research topic now
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Methods of Supervised Learning

Decision Trees for classification

L. Day Outlook Temp Humidity Wind Play Tennis

tral n I ng data: 1 sun hot high weak no
2 sun hot high strong no
3 cloud hot high weak yes
4 rain mild high weak yes
5 rain cool normal weak yes
6 rain cool normal strong no
7 cloud cool normal strong yes
8 sun mild high weak no
9 sun cool normal weak yes
10 rain mild normal weak yes
11 sun mild normal strong yes
12 cloud mild high strong yes
13 cloud hot normal weak yes
14 rain mild high strong no
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Methods of Supervised Learning

* The tennis decision Outlook
tree | |

— Dete mmnethose sunny overcast rain
variad esthet reduce

uncerta rtythe nost Humldlty Yes W|nd
and sdit onth ase

— Trees can be p'unedto H|gh Normal Strong Weak
li nnt overfitti ng
— Very essytoinapd i i i i
— Boundare s baween
d asses aeredangu &
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* Nearest Neighbor rules

— Eg fa cassficaionfindthe o
“neares” pd rt inthetrdrng h
sd d exanp esandsaythe o ’
newpartisn thesanedass _ ~
astha tranng exanpl e 2

— Boundare s ae nore generd
and can be pd ygond

— Can use norethanthednd e
nearest pan by sd eding

sonme nunber of nearby pars 1
and vaing
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Methods Of Supervised Learning

o Kernel-based Learning
— IfXisanewpan & w h we wat topredd  thegn (X, V)
shoddbe“smla”to (x,v,),L ,(X,,Vy)
— 3 ml aity messures
 For oupus usealassfundion eg L(y, V) = (Yery')?
regress on
o Forinpus akernd  k(x x)
— The kernd 1ssymnetric and generdizesthe usud 9 mlaity
measure on | Which stheinner product XK
e Infad wvecanassunme  k(x, x') = D (x)gPise)aninner
product insone feauepace | theefae nust bepodtive
definte
e Fea ure space dten nmuch higher d mes ond
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A little bit more formally
e The minimizer of

1
< 2l = FOO +Ag (], )
Is of the form

F() =y ck(x,%

where it is easy to find the expansion coefficients C by
solving a quadratic programming problem

 Can generalize the loss term from quadratic to 9.(Yy. f (X))
and result still holds
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Figure 3: Example of a Support Vector classifier found by using
function kernel k(x,z") = exp(—||x — z'||*). Both coordinate axes
to +1. Circles and disks are two classes of training examples; the
the dedision surface; the outer lines precisely meet the constraint (Z
the Support Vectors found by the algorithm (marked by extra ci
centers of clusters, but examples which are critical for the given
task. Grey values code the modulus of the argument > 7" | v -
the decision function (34).)
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Methods of Supervised Learning

 Many other methods

— Neurd nedworks can approx nate any fundionus ng an
accumu ao nd many |l ocd nonlinearities

e Many vaiants d neurd ne wor ks
— Sdines

— (Aausg an rocesses
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Where to go for more information

— Ovedl suveyirnt odudionsto nach nelearn ng
o Paten Qasdficaior Rchard Duda Raer Hat, David Sak ( Vil ey 2000).

* Henensd Saidica Learnng Trevar Hestie Robert Tibshieni, Jaone Fiednan (Suinger
Verl ag 2001)

 NATO Advanced Qudy Ingitiein Learning Theory.
htt p// www esa. ke uven ac. be/ 9 gd nat cas /1t p2002 ht nh

— Pobahligiclrference

e Probahlity Theary. thelog c d sd ence Edw n Jaynes to be puldished April 2003
— Bayesan N wok s

» Bayed an Nt works and Deddon Gaphs E V. Jensen (S nger. 2001)
— Kernd Mt hods

e AnlIrtrodudionto Syppat Veda Machn es and Gh e Kernd-based Learn ng Meh ods, NdIo
Chrigian i, John Shawe Tayl a, (Ganbi dge Uw e Sty Ress 2000

— Neud Nt works

e Neurd Ngworksfa Pattern Recognition Chrigopher Bshop (Oxfard Uw ersty Rress 1995).
I nd udes geat accompanyi ng Ml ab sditware whichis avalabl e onli ne
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